The human gut microbiome is a complex ecosystem, in which hundreds of microbial species and 2 metabolites coexist, in part due to an extensive network of cross-feeding interactions. However, 
Introduction

16
The human gut microbiome is a complex ecosystem with several hundreds of microbial species 17 [1, 2] consuming, producing and exchanging hundreds of metabolites [3, 4, 5, 6, 7] . With 18 the advent of high-throughput genomics and metabolomics techniques, it is now possible to showing the various steps in the trophic model, which uses fits the gut nutrient intake profile best approximating the measured metagenome, and outputs a predicted metagenome (microbial abundances) and metabolome. The experimentally measured metabolome is used to calibrate the number of trophic levels, N and byproduct fraction, f of the model. (B) "Zoomed-in" view of the trophic model from (A), with different microbial species (red) and metabolites (blue) spread across the four trophic levels suggested by the model. At each level, metabolites are consumed by microbial species, and converted partially to their biomass, while the remainder is secreted as metabolic byproducts, which are nutrients for the next trophic level. Metabolites that are left unconsumed across each level are assumed to eventually exit the gut as part of the fecal metabolome, while the biomass accumulated by each species across all levels contributes to the metagenome.
produced from the nutrients entering the gut, can be further consumed by some species in the 75 microbiome, in turn generating a set of secondary metabolic byproducts. We call each step of 76 this process of metabolite consumption and byproduct generation, a trophic level. Due to factors 77 such as limited gut motility, and a finite length of the lower gut, we assume that this process only 78 continues for a finite number of levels, N , the second key parameter of our model. At the end of 79 this process, metabolites left unconsumed after passing through N trophic levels are assumed to 80 leave the gut as a part of the feces (figure 1B).
81
In order to quantitatively describe all the steps of this process, our model requires the it ranged between 0.81 ± 0.17.
139
We carried out these fits of microbial abundances for each of the 41 individuals studied in 140
Ref. [22] for a broad range of two parameters of our model -the byproduct fraction f ranging profile. This predicted metabolome was subsequently compared to the experimental data of 144
Ref. [22] measured in the same individual. Around 19 of our predicted metabolites (variable 145 across individuals) were actually among the ones experimentally measured in Ref. [22] . We 146 quantified the quality of our predictions using the Pearson correlation coefficient between the 147 predicted and experimentally measured metabolomes, and it's associated P -value. The model 148 with parameters f = 0.9 and N = 4 best agreed with the experimental metabolome data, among
149
all the values we tried (Pearson correlation 0.7 ± 0.2; median P -value 8 × 10 −4 ; see figure 2A ).
150
To account for the fact that we used two adjustable parameters in our model (f and N , we have 151 corrected the P -values appropriately (see Methods for details). We found that even after this 152 correction the median P -value ∼ 10 −3 is well below the commonly used significance threshold 153 of 0.05. To ensure that our calibration was not sensitive to this specific measure of fit quality,
154
we also calculated an alternative measure -that of a logarithmic accuracy -which quantifies
155
the average order-of-magnitude error in our predicted fecal metabolome, when compared with 156 the experimentally measured one (see Methods for details). We found that the best logarithmic simulations of our model.
160
An example of the agreement between predicted and experimentally observed fecal metabolome 161 in a single individual (the same one as in figure 2B ) is shown in figure 2C (Pearson correlation 162 coefficient 0.89; the adjusted P -value < 10 −6 ). Note that, while the agreement between the 163 experimentally observed and predicted microbial abundances shown in figure 2B is the outcome of 164 our fitting the levels of 19 intake metabolites, the fecal metabolome is an independent prediction 165 of our model. It naturally emerges from the trophic organization of the metabolic flow and 166 agrees well with the experimentally observed metabolome. To test the quality of this independent 167 prediction, and to show its dependence on metabolic interactions, we repeated our simulations 168 using a randomly shuffled set of microbial metabolic capabilities (i.e., we independently shuffled 169 consumption and secretion abilities of individual microbial species; see Methods for details).
170 Figure S3 shows the model results generated by this shuffled microbial metabolic capabilities. We 171 found that the model now generated a much worse correlation coefficient, and more importantly, a 172 non-significant median P -value 0.05 which did not clear the commonly used threshold of P < 0.05 the human gut microbiome into roughly four trophic levels with byproduct fraction around 0.9.
177
To apply our model to broader, more representative and better-studied samples of the human 178 gut microbiome, we carried over the results of this calibration to another dataset. This dataset
179
(discussed in the next section) consisted of a cohort of 380 human individuals from the Human
180
Microbiome Project (HMP) and the MetaHIT study. We carried over this calibration for three 181 reasons: (1) the lack of availability of simultaneous metabolome measurements for the latter 182 dataset; (2) the fact that both datasets are derived from the human gut; and (3) the similarity 183 in the level of metagenome variability in both datasets.
184
Predictions of the multi-level trophic model
185
Metabolite and biomass flow through trophic levels
186
With a well-calibrated and tested model we are now in a position to apply it to a broader set 187 of human microbiome data. To this end we chose data for 380 healthy adult individuals from 188 several countries (Europe [2] , USA [1] , and China [21] ). For each individual, we used our model 189 to predict its metabolome (that has not been measured experimentally) and quantified the flow
190
of nutrients (or metabolic activity) through 4 trophic levels in our model averaged over these
191
individuals.
192 Figure 3A shows the cascading nature of this flow: metabolites enter the gut as nutrient 
230
Finally the beta-diversity of microbial species, defined as the ratio between γ− and α-diversity While we found that the β-diversity of microbial species could be as large as 4 (figure 4),
235
when we grouped organisms by their genus, β diversity decreased down to ∼ 2 across all levels
236
( figure 4E ). This drop in β-diversity was the most pronounced in the uppermost trophic level.
237
The overall reduction of β-diversity shown in figure 4E relative to figure 4D suggests that the 238 chief driver of species variability in the gut microbiome is within-genus competition. Such a 239 pattern has previously been explained by a "lottery-like" process of microbial competition within 240 the gut [23] .
241
We also quantified the diversity of metabolites across 4 trophic levels. We found that the β 242 diversity of metabolites was the highest in the uppermost level of nutrients (∼ 2) and lower in 243 the next three levels (∼ 1). While this declining trend was similar to that observed for microbial 244 diversity, surprisingly, the value of β diversity for nutrients was much smaller than for microbes Ref. [29] for similar processes in macroscopic ecosystems). Also note that spatially separated 285 microbial compositions, corresponding to the trophic levels in our model, could in principle be 286 tested in artificial gut systems (such as in Refs. [31, 32] ).
287
Further, there are several well-known ecological factors that constrain the number of trophic 288 levels in an ecosystem, such as ecological energetics and population dynamics (see ref.
[28] for a 289 discussion). Our work introduces additional factors that can limit the number of trophic levels 290 in the human gut microbiome -namely the limited length and finite motility of the gut.
291
The human gut microbiome is notorious for several complex and interlinked metabolic cross-
292
feeding interactions between its resident microbial species [6, 33] . Even though we exploit this (species abundance profile).
322
Our model also allows us to quantify the diversity of both species and metabolites contributing 323 to different trophic levels. One conclusion we made was that the functional convergence of the 324 microbiome holds roughly equally across all trophic levels. Indeed, at each level we observed 325 the microbial diversity across different individuals was considerably higher than their metabolic 326 diversity. Our model also provides additional support to the "lottery" scenario described in Ref.
327
[23], especially in the first trophic level. According to this scenario, there are multiple species 328 nearly equally capable of occupying a certain ecological niche, which in our model corresponds 329 to the set of nutrients they consume and secrete as byproducts. The first species to occupy this 330 niche prevents equivalent microbes from entering it. This is reflected in a high β-diversity of 331 microbial species combined with a low to moderate β-diversity of microbial genera to which they 332 belong and low β-diversity of their metabolic byproducts.
333
Our model is focused on studying the effects of cross-feeding and competition of different that the capabilities of other, unmapped species from these genera were the same as these species.
378
For several well-studied bacterial genera, such as Bacteroides, we determined a "core" set of and 109 by a genus-capability match. These incorporated species covered, on average, 90% of 397 the total microbial abundance in each individual sample.
398
Determining the components of the nutrient intake to the gut
399
The inputs of our model are the experimentally measured relative abundances of microbial 400 species in each individual, which are known (and described above), and the levels of various 401 nutrients reaching their lower gut, which we fit using the model. Note that we always used see table S2 414 for the complete list of metabolites).
415
Constructing and validating the trophic model
416
Our model incorporates a set of observed microbial species abundances and the known metabolic individual. We inferred these amounts through a fitting procedure described in the next section.
423
Throughout this description, we use the subscript i to refer to metabolites, and α to refer to 424 microbial species.
425
In the first trophic level, we calculated how these nutrients entering the gut were consumed 426 by the gut microbiome and converted to microbial biomass, B and metabolic byproducts, c layer .
427
For this, we calculated the relative increase in microbial biomass for each species, α, as follows:
where i as a nutrient (using the set of microbial metabolic capabilities in table S1). If species α was 433 instead capable of consuming metabolite i as a nutrient, then (A in ) α,i was set as follows:
Here, λ α,i represents the rate at which species α takes up nutrient i, B the predictions of our model, we repeated our metabolome predictions 100 times by assigning 441 each value of λ α,i randomly, chosen from a uniform distribution between 0 and 1 (see figure S1 ).
442
After calculating the contribution of nutrient consumption to microbial biomass, we computed 443 the relative levels of the first level of metabolic byproducts produced by them, as follows:
where the 1 indicates that we were calculating the first layer of byproducts, and i, each metabolite if species α could not secrete metabolite i as a byproduct (using the interactions in NJS16 448 described previously; see table S1). If species α was instead capable of secreting metabolite i as 449 a byproduct, then (A out ) i,α was set as follows:
where (N out ) α is the number of byproducts that species α was capable of secreting.
451
In the second trophic level (and all subsequent levels), we calculated how the byproducts 452 secreted by the microbes in the previous step were consumed by the gut microbiome and respectively. The final microbial abundances, B, were calculated as follows:
Here, we chose the appropriate number of trophic levels, N and the byproduct fraction, f , by between the log-transformed predicted and observed metabolome levels (see figure S2 ), i.e., up the levels of all unused metabolites. Specifically, at each level, we calculated the byproducts 468 similar to the first level (see equation (3)), as follows:
We split the byproducts at each level, c , into two parts: a consumable part, c con and an all previous levels with all the byproducts from the final trophic level, as follows:
Note that while the Pearson correlation (and its associated P -value) give an indication of the to simplify our calculation; we used the experimentally measured microbial abundances instead 487 of a more complicated, step-wise calculation in the sum of equation (5).
488
For each metabolome correlation coefficient that we calculated, we also corrected its associated 489 P -value, in order to account for the two adjustable parameters in our model. We did this by that all nutrient inputs summed up to one. For this random set of nutrient inputs, we calculated 504 the predicted microbial abundances using equation (5) . We then calculated the error in this 505 prediction, by using the log-transformed differences between the predicted and experimentally measured microbial abundances, i.e., To quantify the diversity of microbes and metabolites at each trophic level across the 380 individuals we studied, we used three measures popular in the ecosystems literature: namely the α-, β-and γ-diversity [38, 39, 40] . For each individual, we calculated the α-diversity of microbes and metabolites on each of the trophic levels. For this we first quantified the relative contributions of a given level to microbial abundances, and separately to the fecal metabolome profile. The contribution of a given trophic level to the relative abundance of a species (microbial or, separately, metabolic) i in a specific individual j is given by p i ( , j) normalized by
where · j represents taking the average across 380 individuals used in our analysis.
531
Across all individuals, we calculated the γ-diversity of microbes and metabolites in their gut, 532 which quantified the "global" diversity across all individuals, as:
where p i ( ) = p i ( , j) j is the mean relative abundance of species (or metabolite) i at the trophic 534 level across all individuals used in our analysis.
535
Finally, to quantify the between-individual variability in microbial and metabolite diversity,
536
we calculated the overall β-diversity, which is the ratio of the global to local diversity, as:
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539 https://github.com/eltanin4/trophic_gut. uptake and byproduct release rates, λ's in our model, we take several random sets (in black).
544
Error bars (in black) indicate standard deviation in the predicted levels of specific metabolites 545 for different sets of λ's. The solid line represents x = y. Red squares indicate the predicted 546 metabolome for the default set of kinetic parameters used, i.e., when all of λ's were set equal to 547
1.
548 Table S1 Microbial and metabolite interactions used in the model. to fit the gut nutrient intake in the model. 
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